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Abstract 
Accurate state of charge (SoC) estimation is very important for managing battery with safety and 
efficiency. In order to improve the reliability and redundancy of the SoC estimation, the multi-model 
probability fusion estimation (MMPFE) method is presented. Considering that the estimation results 
being dependent on models, the MMPFE method is utilized to fuse the SoC results gained by 
different equivalent circuit models (ECMs). LFP type battery are tested to verify the effectiveness of 
the method. Results indicate that the proposed approach can achieve accurate battery SoC estimation 
with good robust and reliability. 
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1. Introduction 
Nowadays, fossil fuels consumed by internal combustion engine vehicles are the 
primary components of the urban energy system. Due to the air pollution and climate 
change problems, road transportation system of cities is gradually bias to electricity-driven 
modes. Battery technology is a major technical bottleneck with electric vehicles (EVs) 
[1,2]. In order to guarantee the safe application, improve the driving range, prolong the 
service life and decrease the cost of the batteries, accurate SoC estimation for batteries is 
indispensable [1]. Considering that the nonlinear characteristics of batteries, and ambient 
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factors, the deterministic model based SoC estimations always fails to divergent and 
runaway. Therefore, reliable SoC estimation of the battery is critical and beneficial to rule 
the energy system of EVs. 
Since great enthusiasm has been put on the battery management technology, a number 
of methods have been proposed for estimating the SoC and each one has its own merits. 
The existing calculation methods can be roughly divided into four groups, including look-
up table methods, ampere-hour method, model-based method and data-driven methods 
[3,4]. 
Taking comprehensive factors, such as estimation accuracy, calculation efficiency and 
complexity into account, the model-based method is overwhelming for SoC estimation. 
However, parameters of ECMs are vulnerable to the material and degradation process of 
batteries, and thus it is hard to accurately predict the dynamic characteristics of the battery 
[5]. On the other hand, the strong nonlinear property of the battery can lead to the unstable 
estimated results, so the SoC estimation based on single model might not be lasting 
reliable in a long run. In order to improve the reliability and redundancy of the SoC 
estimation, the multi-model probability fusion estimation (MMPFE) method is presented 
and verified by lithium-ion batteries. 
Section 2 presents the LMI based H∞ state observer technique. Section 3 illustrates the 
MMPFE method. In section 4, Batteries are tested under different dynamic cycles to verify 
the validity of the proposed method and the relative analysis of results are given in the 
final section. 
2. Model-based SoC estimation 
2.1. Definition of SoC 
The SoC is defined as a ratio of the residual capacity to the nominal capacity, expressed 
as the following equation: 
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where SoC(t) is the SoC value at time t, SoC(t0) is the initial SoC value, Crated is the rated 
capacity of a battery, Kc stands for the coulombic efficiency (Kc|1), i(W) represents the 
current through the battery. 
2.2. Equivalent circuit models 
There are several common ECMs, such as Rint model, n-RC networks model (GECM 
similarly hereinafter), RC model, PNGV model [6]. Theoretically, the more RC pairs 
added in the model, the higher accuracy of the model, i.e. the closer to the authentic 
battery. Nevertheless, the reality is the performance of the GECM model with more than 
three pair RC networks is not ideal in some aspects. Thus, in this paper, the GECM within 
three RC networks is studied. Simultaneously, even if batteries with identical material 
stuff and initial capacity, it is inappropriate to use unique ECM to depict the battery with 
the ageing process [7].  
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2.3. LMI based H∞ state observer technique 
For simplification, in this part, the Thevenin model is chosen to elaborate that using 
LMI based HĞ  observer technique to estimate SoC of the battery. According to 
Kirchhoff’s laws, the dynamic equations of Thevenin model can be written in the matrix 
form [8,9]: 
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where 
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Dealing with the nonlinear relationship with SoC and OCV, one simple way is 
piecewise linearizing the curve of OCV-SoC. Thus, the observation equation can be 
described as: 
 1 j jy k x u d Iª º   ¬ ¼ D H   (3) 
 
where ocj j jU k SoC d  , 0jk ! , 0jd ! , j  represents the every piece number of the SoC. 
Although the Uoc in the observation function is fundamentally the function with respect to 
the time t, yet it is not supposed to be regarded as an isolated item, so called the model 
error. if so, then the observation equation will be: 
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Apparently, the system organized by the first equation in (2) and (4) is unobservable, 
because the rank of matrix [C CA]T is not full. 
In this paper, we discretize the relationship of OCV-SoC by Taylor expansion and 
preserving the first order item. So, the observation equation can be expressed as: 
 1 oc
dU
y x u
dSoC
Iª º  « »¬ ¼ D H          (5) 
In order to solve the observer gain, we adopt the 50% SoC value to calculate. 
Considering (2) and (5), the observer can be derived: 
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The corresponding error is: 
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If the error system is asymptotically stable, the states in observer will approximate to the 
real system states, and then the SoC can be effectively estimated. The goal of establishing 
the H∞ observer is: for a given attenuation level ¤>0, the system (8), (9) is stable and the 
following inequality is satisfied under the zero initial condition [6]. 
3. Multi-models probability based SoC fusion estimation 
3.1. Scheme of the Fusion estimation 
The systematic block of the MMF estimation is shown in Fig. 1. The measured voltage 
and current are transmitted into the paralleled filtering system to estimate the SoC by three 
HĞ state observers established through various ECMs. After the estimation process, the 
estimated SoC values, 1SoC

, 2SoC

 , 3SoC

 and the estimated terminal voltages are 
obtained and delivered into the fusion center. The estimated terminal voltages are applied 
to compute the weight values¹i which represent how many contributions of each model 
give to the SoC estimation. The bigger the value is, the more impacts the model will offer 
to the estimation results. Finally, the fusion estimation fsSoC

 can be obtained by: 
1 2 31 2 3fsSoC SoC SoC SoCZ Z Z
       (10) 
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Fig. 1. Systematic Block of MMF estimation 
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3.2. Results Multi-models Probability method 
According to the Bayes theorem, the weight values or the probabilities of selected 
models can be given by the following equation: 
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where Ut(k) is the terminal voltage at sampling time k, pj represents the certain parameters 
set of models, f(*) is probability density function, and Pr(*) is the probability of models.  
4. Verification and discussion 
The nominal voltage of the LFP cell is 3.3V and its nominal capacity is 2.3Ah. The 
Federal Urban Driving Schedule (FUDS) test was used to verify the proposed method. In 
order to unveil the robustness of the method with respect to error of initial values, the 
starting values of SoC are set 20% off to real ones. It can be seen that the estimated SoCs 
by different models are convergent to the true values in the whole vision. But in some 
fractions, the accuracy of various models is distinguishing and does not follow up the 
complexity of models. From the zoom figure A, since the estimated SoC by Thevenin 
model is closer to the real one during the time range 4392s~4608s, the MMPFE method 
could effectively give bigger weight values to the result of Thevenin model, and the fused 
result is superior to that obtained by single model-based or the simple RETVFE method. 
Besides, the similar situation happened in 9720s~9900s. In this time, the DP model and 
3th-RC model share the same weights which are bigger than the Thevenin model in this 
region and the fused result approaches to the former ones that are more precise. From the 
whole process, the MMPFE method will make full use of good estimated results of 
different models and improve the estimation accuracy and reliability. 
 
Fig. 2. SoC estimation profiles  
5. Conclusions 
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In order to improve the reliability and redundancy of SoC estimation, the redundant 
estimators are necessary. Considering the single-model method cannot supply the 
persisting credible results in the whole driving range and along with the ageing process, 
merely using one model to depict the battery is superficial, thus the MMPFE method is 
proposed in this paper, which fuses the SoC results obtained by same estimation method 
but different ECMs. LMI based H∞ state observer is applied to estimate the SoC. Through 
the comparison among three single-model methods, RETVFE method and the MMPFE 
method, MMPFE shows prominently merits that some local estimation errors have been 
rectified and the statistical errors of the SoC estimation have declined after the fusion 
estimation that indicates the reliability of SoC estimation has been improved. 
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